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Abstract
The flexibility in adjusting the decision strategy from trial to trial is a prerequisite for learning in a probabilistic
environment. Corresponding neural underpinnings remain largely unexplored. In the present study, 28 male humans were
engaged in an associative learning task, in which they had to learn the changing probabilistic strengths of tactile sample
stimuli. Combining functional magnetic resonance imaging with computational modeling, we show that an unchanged
decision strategy over successively presented trials related to weakened functional connectivity between ventralmedial
prefrontal cortex (vmPFC) and left secondary somatosensory cortex. The weaker the connection strength, the faster
participants indicated their choice. If the decision strategy remained unchanged, participant’s decision confidence (i.e.,
prior belief) was related to functional connectivity between vmPFC and right pulvinar. While adjusting the decision strategy,
we instead found confidence-related connections between left orbitofrontal cortex and left thalamic mediodorsal nucleus.
The stronger the participant’s prior belief, the weaker the connection strengths. Together, these findings suggest that
distinct thalamo–prefrontal pathways encode the confidence in keeping or changing the decision strategy during
probabilistic learning. Low confidence in the decision strategy demands more thalamo–prefrontal processing resources,
which is in-line with the theoretical accounts of the free-energy principle.
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Introduction
In a probabilistic environment, changes in the statistical struc-
ture of the world introduce uncertainty in the prediction of sen-
sory inputs.Making inference about the causes of this uncertain
information based on previous experience is the fundament
of perceptual learning. Such inference is crucial for cognitive
flexibility and hence the prerequisite for sharpening sensory
precision and accelerating motor reactions to sensory target
events through learning (Bestmann et al. 2008; den Ouden et al.
2010; van Ede et al. 2010, 2014; Vossel et al. 2015).
According to the predictive coding (PC) principle, sensory sys-
tems operate the inference of the causes of sensory inputs under
hierarchical Bayesian principles (Friston 2005). The central pos-
tulate of the Bayesian perspective is that the brain continuously
updates a hierarchical generative model based on prior experi-
ence to predict future events and infer on the causal structure of
the world. Prediction errors, indexing the discrepancy between
the expected and actual outcome, serve to update prior belief,
which, in turn, guides the direction of subsequent decision-
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Figure 1. Illustration of the experimental design and participants’ behavioral performance. (A) Task design. Participants were instructed to predict the target stimulus
as fast and accurately as possible based on howmuch they believed that the sample tactile stimulus matches the target (sample–target association). (B) The proportion
of correctly predicted trials over time for each of the five sample–target associations (i.e., 90%, 70%, 50%, 30%, and 10%). Increases in correct predictions over time
for the different predictabilities indicate successful learning of sample–target associations. (C) Subject-specific example of prior belief (μˆ2) and how it changed over
the five sample–target associations. Black line: sample–target associations consisted of strongly predictive (90% and 10%), moderately predictive (70% and 30%), and
nonpredictive (50%) blocks. We always presented two blocks for each of the five sample–target associations. Red line: example of a subject-specific trajectory of prior
belief across the different sample–target associations. Orange dots: trial outcomes (or tactile inputs). Green dots: observed responses. Green cross: participant’s missing
responses. (D) The mean reaction time for the five sample–target associations. The error bar depicts the standard deviation. Reaction times were significantly longer
in blocks with no predictability (i.e., 50%) than in blocks with strong (i.e., 90% and 10%) or moderate predictability (i.e., 70% and 30%).
rests on multiple prediction errors at different hierarchical lev-
els, for example, probabilistic associations of sensory events and
how they change over time (Behrens et al. 2007).
In the tactile domain, bottom-up prediction errors are well
reflected by neural activity along the whole somatosensory
pathway, not only involving the primary (S1) and secondary
(S2) somatosensory cortex but also the thalamus (Allen et al.
2016; Fardo et al. 2017). The integration of the afferent thalamic
volley with top-down control signals arising in the prefrontal
and cingulate cortex seems responsible for updating prior belief
in light of the preceding prediction error (Seth et al. 2012; Seth
2013; Allen et al. 2016; Fardo et al. 2017). Despite all this evidence,
it remains to be established how prior belief is encoded and how
it allows the brain to quickly and flexibly generate decisions
during perceptual learning.
The prediction-error–related adjustment of the decision
strategy—the subject’s internal rule to decide whether or not
the statistical property of the environment has been changed—
seems to relate to certain shifts in functional connectivity, for
instance, between the sensory and motor cortex (den Ouden
et al. 2010). Projections between the ventralmedial prefrontal
cortex (vmPFC) and sensory cortices appear to mediate changes
in perceptual awareness, whereas connections between vmPFC
and the orbitofrontal cortex (OFC) were shown to be involved in
signaling changes in the value assigned to the sensory stimulus
(Howard et al. 2016). Prefrontal pathways seem to also support
the formation of a perceptual or associative representation
of the sensory stimulus, which is a crucial prerequisite for
decisions based on perceptual evidence (Rushworth et al.
2011; Bari et al. 2019). Prefrontal projections to the thalamus,
especially to its mediodorsal nucleus (MD), were recently found
to encode predictive cues, highlighting the thalamus’ potential
role inmediating the necessary cognitive flexibility for decision-
making in an probabilistic environment (Mitchell 2015; Otis et al.
2017; Marton et al. 2018; Nakayama et al. 2018).
Based on this evidence, we hypothesized that during tac-
tile learning, the flexibility in changing the decision strategy
is related to activity in prefrontal cortex, such as vmPFC and
OFC. We further expected that these prefrontal regions interact
with regions at the crossroad between cognitive and sensory
processing, such as the thalamus, to represent the strength
of prior belief. To address these hypotheses, we used a tactile
associative learning task where participants had to learn the
predictive strength of a sample stimulus and explicitly pre-
dict the target stimulus before receiving it (Fig. 1A), which was
described in a previously conducted study (Wang et al. 2020).
Our task allowed us to investigate the flexibility in decision-
making through disentangling the adjustment of the decision
strategy (Change: all trials “n+1” decided in a different way as
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strategy did not change (Keep: all trials “n+1” decided in the
same way as the preceding trial “n”). We combined computa-
tional modeling with functional magnetic resonance imaging
(fMRI) to investigate the neurophysiological processes underly-
ing the modulation of prior belief for an adjusted or unchanged
decision strategy. Using fMRI, we first isolated those prefrontal
brain regions whose activity represents the adjustment of the
decision strategy (Change) or an unchanged decision strategy
(Keep). Next, we identified prefrontal connectivity to the thala-




Thirty-three healthy male participants (mean age±SD: 25.1±
3.8 years) were recruited.We only employedmale participants to
exclude influences of hormonal fluctuations over themenstrual
cycle on learning and associated blood-oxygen-level–dependent
(BOLD) signals (Dreher et al. 2007; Sacher et al. 2013; Wether-
ill et al. 2016). Participants with more than 20% invalid tri-
als or less than 60% correct responses were excluded from
further analyses. According to these criteria, five participants
were excluded, and the data of 28 participants were further
analyzed (mean age±SD: 25.3±3.9 years). All participants were
right-handed and had normal or corrected to normal vision.
A history of psychiatric or neurological disorders as well as
any regular medication was exclusion criteria. The study was
approved by the local ethics committee of the Ruhr University
Bochum. All participants gave written informed consent prior
to participation.
Tactile Stimuli
The tactile stimuli were generated and delivered using an
MRI-compatible Braille device (Metec, Stuttgart, Germany). The
device consisted of eight plastic pins, aligned in two series
of four pins (pin diameter 1.2 mm, rounded top, interpin
spacing 2.45mm).We applied two alternative tactile stimulation
patterns: either the upper four pins (distal) were raised and the
lower four pins (proximal) were lowered (i.e., Upper) or vice versa
(i.e., Lower). Stimuli were applied to the index fingertip of the
right (dominant) hand. The Braille device was controlled using
Presentation software (version 20.1, Neurobehavioral Systems)
through Metec Virtual Braille Device by TCP-IP commands. To
ensure that both tactile stimulation patterns were perceived
correctly, participants performed a tactile detection test prior to
the training and MRI session. During the test run, participants
had to report which pattern they received until they perceived
and distinguished both tactile stimulation patterns 100%
correctly.
Experimental Design
We employed a tactile associative learning task where partici-
pants were instructed to learn the predictive strength of tactile
sample stimuli in forecasting subsequently presented target
stimuli (Fig. 1A). In each trial, participants first received one
out of the two sample stimuli (Upper or Lower) for 500 ms. A
red fixation cross was simultaneously presented on the screen
via fMRI-compatible LCD goggles (Visuastim Digital, Resonance
Technology Inc.). Participants were instructed to maintain cen-
tral fixation during tactile stimulation. Following the sample, the
red fixation cross turned green, and participants had to press
one out of two buttons (LumiTouch keypads, Photon Control Inc.)
with the index ormiddle finger of the left hand to indicatewhich
of the two target stimuli (Upper or Lower) may follow. Partic-
ipants responded by pressing the “up” or the “down” button.
The up button corresponded to the upper pattern and the down
button to the lower pattern. Participants were instructed to
indicate their prediction by pressing the button within 1300 ms
as quickly and accurately as possible. Theywere told to learn the
predictability of the sample and to use the information given by
the sample to adjust their prediction accuracy, rather than to
predict randomly. After the button press and a short interval of
500–1500ms, the target stimulus (Upper or Lower)was presented
for 500 ms. Trials were presented with randomized intertrial
interval ranging between 1500 and 3000 in 100 ms steps.
The predictability of the sample was manipulated by modu-
lating the strength of the sample–target association over time.
The task consisted of strongly predictive (90% and 10%), moder-
ately predictive (70% and 30%), and nonpredictive (50%) blocks.
In blocks with 90% and 70% predictability, the sample matched
the target in 90% and 70% of trials, respectively,while the sample
mismatched the target in 90% and 70% of trials in blocks with
10% and 30% predictability (i.e., reversal learning). In blocks with
50% predictability, the number of matches and mismatches was
the same, and trials were presented randomly. The whole exper-
iment comprised 10 blocks in total—two blocks for each sample–
target association. One block consisted of an equal number
of the two tactile patterns, presented in random order. The
sequence of blockswas pseudorandomized and fixed across par-
ticipants to ensure intersubject comparability of the associated
learning processes (Iglesias et al. 2013; Vossel et al. 2014). Partic-
ipants were informed that the sample–target association would
change over time, but the exact probabilities (i.e., 90%/10%,
70%/30%, and 50%) were unknown to the participant. To avoid
the prediction of a new block onset, blocks were presented
pseudorandomly, and the two blocks for each sample–target
association were once presented with 30 trials and the other
time with 40 trials (Fig. 1C). The fMRI experiment consisted of
350 trials, which we split into three runs, each lasted ∼10 min,
resulting in a total scanning time of 30 min.
To enhance motivation throughout the experiment, we
offered a monetary reward of 1e added to the general
reimbursement (5e/run) for a 5% increase in correct predictions
in each fMRI run. After each run, the participants were given
a visual feedback (10s) about how many trials they correctly or
incorrectly predicted, how many were missed, and how much
money they made during the preceding run.
Analyses of Behavioral Data
Trials with missed responses or excessively long reaction time
(>1300 ms) were excluded from further analyses (2.9±0.6% SEM
of all trials). To assess whether the sample–target associations
were learned, we applied the proportion of correct predictions
across the different sample–target associations to the within-
subject one-way ANOVA. Bonferroni-corrected posthoc paired
t-tests were used to assess whether the proportion of correct
predictions in learning blocks (i.e., 90%/70%/30%/10%) were sig-
nificantly different from control blocks (i.e., 50%). In addition,
we also tested reaction times across the different sample–target
associations using the within-subject one-way ANOVA.
Next, we examined the neural substrates related to the flex-
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To this end, the present task encompassed two types of trials
based on participants’ decisions: 1) the adjustment of the deci-
sion strategy (Change: all trials “n+1” decided in a different way
as the preceding trial “n”) and 2) trials in which the decision
strategy did not change (Keep: all trials “n+1” decided in the
same way as the preceding trial “n”).
Behavioral data were applied to an hierarchical Gaussian fil-
ter (HGF) as implemented in the HGF v5.2 toolbox (https://www.
tnu.ethz.ch/de/software/tapas.html), to calculate the individual
differences in the trial-wise estimation of prior belief about the
external states on different levels (Mathys et al. 2011; Iglesias
et al. 2013; Vossel et al. 2014; Kuhns et al. 2017; Weilnhammer
et al. 2018). The HGF consists of a perceptual and a response
model, which describes a framework where an agent receives a
sequence of inputs (stimuli) and generates behavioral responses
based on perceptual inference (Mathys et al. 2011). The per-
ceptual model comprised three levels of inference about the
external states: The first level represented the tactile observa-
tion in each trial, χ1(t). In our study, it was represented by a
binary input, with χ1(t) = 1 for the target matched the sample
and χ1(t) = 0 for the target mismatched the sample. The second
level χ2(t) represented the sample–target association, that is, the
probability that the target matched the sample (χ1(t) = 1). The
probability distribution of χ1(t) = 1 was a Bernoulli distribution,
determined by higher-level χ2(t) through sigmoid transforma-
tion. The value of χ2(t) was based on the previous trial (t −1)
and changed from trial to trial as a Gaussian random walk. The
changing rate of χ2(t) was determined by both, the third level
χ3(t) and a subject-specific parameter ω2. The third level, χ3(t),
represented the stability of tactile perception (i.e., how fast χ2(t)
changed from trial to trial). The step size of Gaussian random
walk on the third level χ3(t) was determined by a second subject-
specific parameter ω3. So, the variance of these environmental
hidden states depended on the state at the next higher-level
changing as a Gaussian random walk. Subject-specific param-
eters ω2 and ω3 were estimated from individual responses using
a unit square sigmoid model (response model). In the present
study, we focused on the absolute value of μˆ(t)2 at the second
level of the model, which was prior belief about the sample–
target association before experiencing the target stimulus. Here,
we provide a brief description of the nature of this quantity:
prior belief evolved from posterior belief of the previous trial
(μ(t−1)2 ). Similar to classical reinforcement or associative learning
models, such as the Rescorla–Wagner learning model (Rescorla
and Wagner 1972), the posterior belief (μ(t)2 ) about the sample–
target association was updated after each trial based on the
prediction error or the difference between the expected and













2 = μ(t−1)2 ,
where δ1 was the prediction error, indexing the difference
between the actual and the predicted outcome on trial t at the
first level (μ(t)1 − μˆ(t)1 ). ψ2 indicated the precision of prediction.
The precision weight (ψ2) was updated with every trial, so that
it can be considered as the equivalence of a dynamic learning
rate in reward learning models (Preuschoff and Bossaerts 2007;
Mathys et al. 2011).
FMRI Data Acquisition and Preprocessing
FMRI was conducted with a Philips 3.0 T Achieva X-series scan-
ner using a 32-channel head coil. We used a T2∗-weighted echo-
planar imaging sequence (voxel size, 2×2× 3 mm; field of view
224 mm; interslice gap, 0.6 mm; TR=2800 ms; TE=36 ms) for
functional imaging and acquired 36 transaxial slices parallel
to the anterior–posterior commissure (AC–PC) with interleaved
slice acquisition covering the whole brain. As anatomical refer-
ence, high-resolution T1-weighted images were acquired using
an isotropic T1 TFE sequence (voxel size: 1×1× 1 mm3, field of
view 240mm)with 220 transversally oriented slices covering the
whole brain.
Across the three fMRI runs, we acquire a total of 644 EPI
volumes. To allow for T1-equilibration, five dummy scans
preceded data acquisition in each run. These scans were
removed before further processing. Data were pre- and postpro-
cessed with the Statistical Parametric Mapping software SPM12
(Wellcome Department of Imaging Neuroscience, University
College London, UK; http://www.fil.ion.ucl.ac.uk/spm) running
in the Matlab R2017b (MathWorks Inc.) environment. For pre-
processing, images were applied to slice time correction, spatial
realignment, and normalization to the MNI template using
the unified segmentation approach (Ashburner and Friston
2005). Finally, normalized images were spatially smoothed using
a Gaussian filter with a full-width half-maximum kernel of
8 mm. We tested the effect of kernel size on our findings and
reanalyzed the data using 6 mm instead of 8-mm smoothing.
We found that the results resembled those of our analyses
with 8-mm smoothing (please see supplementary material,
Supplementary Figs 1–3, and Supplementary Table 1 for
more details).
General Linear Modeling of fMRI Data
The general linear model (GLM) in SPM 12 was used to analyze
fMRI data. For each participant, we conducted a first-level GLM.
Events were time-locked to the onset of the presentation of
the sample stimulus using stick functions and split into two
regressors, one for Keep and the other one for Change trials.
For each of these two regressors, the absolute value of trial-
by-trial prior belief (| μˆ(t)2 |) was defined as a parametric modu-
lator (see Supplementary Fig. 4 for an example of GLM design
matrix). Onsets were convolved with the canonical hemody-
namic response function in an event-related fashion. Regressors
of no interest included the presentation of the target stimuli (all
trials collapsed to a single regressor), invalid trials (i.e., missing
or late responses), and the six head motion parameters as esti-
mated during the realignment procedure. Data were high-pass
filtered at 1/128 Hz.
Using the GLM, we investigated neural mechanisms under-
lying either the adjustment of the decision strategy (Change)
or an unchanged decision strategy (Keep) (not accounting for
prior belief). To this end, the contrasts “Keep > Change” and
“Keep < Change” were applied to the group-level one-sample
t-test. Analyses were thresholded at P<0.05 familywise error
(FWE)–corrected for the whole brain. We also compared prior
belief-related parametric effects between Keep and Change
by applying the same contrasts described above to the GLM
regressors representing the parametric modulation of Keep
and Change by trial-by-trial prior belief. Individual contrast
images were again applied to the group level one-sample
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Psychophysiological Interaction
Psychophysiological interaction (PPI) was used to assess
context-related differences in functional connectivity between
a given seed region and the rest of the brain (Friston et al.
1997). Because our results revealed that different PFC regions,
that is, vmPFC and OFC, were involved in Keep and Change,
respectively, we applied two PPIs, one using the vmPFC as
the seed and the other one using OFC as the seed. Individual
time series of each seed region were extracted from ROIs that
were selected from the nearest local maximum of the contrast
of interest (i.e., vmPFC seed region, Keep>Change; OFC seed
region, Change>Keep) within a radius of 12 mm from the group
maximum. The first Eigenvariate was then calculated across
all voxels surviving P=0.05 uncorrected, within a 6-mm sphere
centered on the individual peak voxel. The resulting BOLD time
serieswere adjusted for effects of no interest (e.g., target periods,
invalid trials, and movement parameters) and deconvolved to
generate time series required for constructing first-level GLMs
for the PPIs.
The standard PPI analysis implemented in SPM is used to
assess connectivity differences between task conditions of inter-
est (psychological variable) and their interaction with neural
activity (physiological variable). In our case, the psychologi-
cal variable of interest is itself an interaction—an interaction
between conditions (Keep and Change) and prior belief derived
from HGF. This means that we were effectively testing for a
three-way interaction between a physiological (time series of
the seed region) and two psychological variables (conditions
and prior belief). Compared with the standard PPI implemented
in SPM, the generalized form of context-dependent PPIs (gPPIs)
allows to model more than two conditions and multiple PPI
terms (McLaren et al. 2012). Empirical evidence emphasizes that
gPPI improves flexibility of statistical modeling,model fit, speci-
ficity to true negative findings, and sensitivity to true positive
findings. Therefore, PPI analyses were performed with the gPPI
Toolbox (McLaren et al. 2012) to assess changes in connectivity
between Keep and Change.
The PPI GLM at the single-subject level contained nine regres-
sors: four regressors representing Keep and Change, as well as
their parametric trial-by-trial modulation by prior belief (| μˆ(t)2 |),
four PPI regressors representing the interactions between the
physiological variable (i.e., time series of the seed region) and
Keep and Change, as well as their parametric modulation by prior
belief. The last regressor represented the physiological variable.
Regressors of no interest included the presentation of the target
stimuli, invalid trials, and the six head motion parameters (see
Supplementary Fig. 5 for an example of PPI GLM design matrix).
First, we examined general changes in connectivity between
Keep and Change trials (not accounting for prior belief). To
this end, first-level contrast images were created using the
PPI regressor of the interaction between the physiological
variable and Keep trials, as well as the interaction between the
physiological variable and Change trials. The contrast images
(i.e., “Keep > Change” and “Keep < Change”) were next applied to
the group-level one-sample t-test and thresholded at P=0.05,
FWE-corrected. We hypothesized, that the adjustment of the
decision strategy (Change) as well as an unchanged decision
strategy (Keep) were related to functional connections between
the PFC and brain regions involved in tactile perception,
including S1, S2, and specifically bilateral thalamus. That is
why we performed small-volume correction (SVC) by restricting
the search volume to S1, S2, and both thalami. To this end,
we created a brain mask including the cytoarchitectonic maps
of bilateral S1, S2, and thalamus, as implemented in the SPM
Anatomy Toolbox (Eickhoff et al. 2005; Zaborszky et al. 2008).
In order to assess prior belief-related connectivity, we next
conducted a three-way interaction between the physiological
(i.e., BOLD signal in the seed region) and two psychological
variables (i.e., trial conditions andprior belief).We obtained first-
level contrast images using the PPI regressor of the parametric
modulator, representing the interaction between the physio-
logical variable and its parametric modulation by prior belief.
The three-way interaction contrast images between Keep and
Change (i.e., PPI regressor Keep>Change by prior belief and PPI
regressor Change>Keep by prior belief) were then applied to
the group-level one-sample t-test and thresholded at P=0.05,
FWE-corrected. Accumulating evidence suggests that functional
connectivity between the prefrontal cortex anddistinct thalamic
nuclei encode behavioral flexibility and action–outcome associ-
ations during learning and decision-making (Mitchell 2015; Otis
et al. 2017; Marton et al. 2018; Nakayama et al. 2018; Parnaudeau
et al. 2018; Fresno et al. 2019). Based on this evidence,we hypoth-
esized to identify connections between prefrontal cortex and the
thalamus in relation to the strength of prior belief for both, the
adjustment of the decision strategy (Change) and an unchanged
decision strategy (Keep). To this end, we performed SVCs by
restricting the search volume to the thalamus. To this end, we
created amask covering bilateral thalamus as offered by the SPM
Anatomy Toolbox (Eickhoff et al. 2005; Zaborszky et al. 2008).
Since this three-way interaction did not reveal any prior
belief-associated significant results surviving FWE-corrected
thresholding at P=0.05, we next applied the averaged strength
of individual prior belief to a group-level regression analysis
in SPM to assess the mean prior belief-related connectivity
across participants for Keep and Change trials separately. For the
Keep condition, analysis was complemented using the vmPFC
coupling strength (i.e., PPI parameters for Keep) as dependent
variable and the strength of individual prior belief in the Keep
condition as a covariate. For the Change condition,we performed
group-level regression analysis using the OFC coupling strength
(i.e., PPI parameters for Change) as dependent variable and the
strength of individual prior belief in the Change condition as a
covariate. We again applied SVC together with FWE correction




The proportion of missing responses was 2.19% (±0.53 SEM).
They were excluded from further analysis of behavioral data
and were modeled separately in the GLM analyses of the imag-
ing data. Figure 1B shows increases in proportion of correct
predictions for the different sample–target associations over
time. Please note that participants’ performance in the blocks at
chance level was below 50% (i.e., 43%). The most likely explana-
tion for this is that participants kept using the strategy learned
in the previous block (i.e., 90% or 70%) during the first trials of
each chance block. This explanation is supported by our data.
Performance during the first half of trials in chance blocks was
in fact far below chance level (41%), whereas in the second half
performance increased to 45%.
To test whether sample–target associations (90%/70%/50%/
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Figure 2. The comparison of individual prior beliefs (left) and reaction time (right) between Keep (trials “n+ 1” decided in the same way as the preceding trial “n”) and
Change (trials “n+1” decided in a different way as the preceding trial “n”). The bar indexes the mean, and black lines connect the two data points of each participant.
∗∗∗ indicates threshold P<0.0001.
predictions in a one-way repeated measures ANOVA. This
ANOVA revealed a significant effect of learning (F (4,27)
=256, P<0.001). Posthoc paired t-tests showed significantly
more correct predictions in learning blocks with high pre-
dictability (i.e., 90%/10%) as compared with blocks with low
predictability (i.e., 70%/30%, t(1,27) = 20.75, P<0.001, Bonferroni-
corrected) and unpredictable blocks (i.e., 50%, t(1,27) = 24.70,
P<0.001, Bonferroni-corrected). We also tested reaction times
across sample–target associations (Fig. 1D). We found that
the reaction time was significantly longer in blocks with
targets that were unpredictable (i.e., 50%) than in blocks
with strong (i.e., 90%/10%, t(1,27) = 4.52, P<0.001, Bonferroni-
corrected) or moderate predictability (i.e., 70%/30%, t(1,27) = 4.90,
P<0.001,Bonferroni-corrected).Together, these findings suggest
successful probabilistic learning.
To assess differences in prior belief (| μˆ(t)2 |) derived from HGF
and reaction times for Keep (211±17 trials) and Change (122±10
trials), we compared both parameters between both conditions.
Figure 2 shows that prior belief was significantly stronger (left)
and reaction timeswere significantly shorter (right) in Keep trials
as compared with Change trials (P<0.0001). Neither for Keep nor
for Change we found a relationship between prior belief and
reaction times (P=0.35 for Keep, and P=0.56 for Change).
Neural Activations Associated with the Adjustment of
the Decision Strategy (Change) or with an Unchanged
Decision Strategy (Keep)
First, we investigated the different neural substrates related
to either the adjustment of the decision strategy or an
unchanged decision strategy by comparing Keep versus Change
(not accounting for prior belief). Compared with the adjustment
of the decision strategy, we observed the expected significant
activation in vmPFC when participants did not change their
decision strategy (Keep>Change). Furthermore, we identified
the precuneus and bilateral gyri parahippcampalis in the same
context (P<0.05, FWE-corrected for the whole brain; Fig. 3A and
Table 1). The adjustment of decision strategy (Change>Keep)
entailed the expected significant activation in the left OFC.
We also depicted significant effects for the adjustment of the
decisions strategy in the left insula, bilateral inferior parietal
cortex, dorsal premotor cortex (PMd), and supplementary motor
area (SMA) (P<0.05 FWE-corrected for the whole brain; Fig. 3B
and Table 1). The comparison of prior belief-related parametric
effects between Keep and Change did not reveal any significant
effects.
Differences in Functional Connectivity between the
Adjustment of the Decision Strategy (Change) and an
Unchanged Decision Strategy (Keep)
Next, we assessed differences in functional connectivity
between Keep and Change using PPI analyses with either vmPFC
or OFC as the seed region. According to our hypotheses, we
applied SVC to assess potential effects along the somatosensory
pathway constituted by the thalamus, S1, and S2.
Compared with the adjustment of the decision strategy, an
unchanged decision strategy (i.e., contrast of PPI regressors
Keep>Change) entailed a significantly weakened coupling
between vmPFC and bilateral S2 (left S2: peak MNI coordinates
x/y/z=−52/−30/18, t(1,27) = 5.46, P=0.017, small-volume FWE-
corrected; right S2: peak MNI coordinates x/y/z=48/−26/16,
t(1,27) = 5.01, P=0.046, small-volume FWE-corrected, Fig. 4A).
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Figure 3. Brain regions related to the adjustment of the decision strategy (Change > Keep) or to an unchanged decision strategy (Keep> Change). Significant activations
were obtained from the contrasts “Keep > Change” (A) and “Change > Keep” (B) (not accounting for prior belief). Significant activation (P< 0.05 FWE-corrected) were
superimposed on sagittal, coronal, and axial slices of a standard T1-weighted image as implemented in SPM. Coordinates above each slice index their location in MNI
space. (A) If participants did not change their decision strategy,we observed activity in vmPFC, the precuneus, and bilateral parahippcampus. (B) Adjusting the decision
strategy related to activity in left OFC, left insula, bilateral inferior parietal cortex, dorsal premotor cortex, and SMA (see Table 1 for MNI peak coordinates, cluster sizes,
and t-scores). The regions surrounded by the red circle (vmPFC and OFC) were next used as seeds for connectivity analyses (i.e., PPI). Color coding indexes the t-scores
in each voxel.
Table 1 Brain regions related to the adjustment of the decision strategy (Change) or to an unchanged decision strategy (Keep)
Regions Hemisphere Peak coordinates Cluster size (in voxels) t-score
x y z
Keep > Change
Ventral–medial frontal cortex L and R −2 60 −4 46 7.00
Precuneus L −10 −50 6 209 7.97
Parahippocampus L −22 −22 −16 86 9.50
Parahippocampus R 22 −20 −14 38 9.00
Change > Keep
Orbital frontal cortex L −30 52 −2 76 7.35
Insula L −30 24 −2 81 7.25
Premotor cortex L −28 0 64 29 6.82
Premotor cortex R 30 10 62 36 6.56
Supplementary motor area L and R 0 24 44 43 6.50
Inferior parietal cortex L −32 −50 42 183 7.53
Inferior parietal cortex R 46 −44 56 28 6.73
Keep minus Change) significantly correlated with difference
in vmPFC-left S2 connectivity (r=0.378, P=0.024, Fig. 4B). We
found no reaction time-related correlation with the connection
strength to right S2, ipsilateral to the stimulated finger. Together,
these findings suggest that theweaker the connectivity between
vmPFC and left S2, the faster participants indicated their
decisions.We did not find any correlation between connectivity
strength and changes in the strength of prior belief. Using the
OFC as a seed for PPI analysis, we found no significant effects
while participants adjusted their decision strategy compared
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Figure 4. Connectivity between vmPFC and S2 while participants did not change their decision strategy (Keep) as compared with the adjustment of decision strategy
(Change); differences in reaction times between Keep and Change were negatively correlated with changes in the connectivity strength between vmPFC and S2. (A)
Bilateral S2 exhibited weakened connectivity with vmPFC when participants did not change their decision strategy compared with the adjustment of the decision
strategy. Red=P<0.005, uncorrected; yellow=P<0.05, SVC, FWE-corrected. Coordinate above the coronal brain slice indexes its location in MNI space. The bar chart
depicts the mean PPI parameters in bilateral S2 clusters corresponding to Keep and Change trials. The error bar depicts the standard error. (B) The scatterplot shows
the significant correlation between changes in reaction times and functional connectivity of vmPFC and left (contralateral) S2. The weaker the connectivity between
vmPFC and left S2, the faster participants indicated their decision.
Prior Belief-Related Functional Connectivity for the
Adjustment of the Decision Strategy (Change) and an
Unchanged Decision Strategy (Keep)
To investigate whether functional connectivity associated with
the flexibility in decision-making was modulated by prior belief
across participants, we examined the relationship between the
strength of individual prior belief and the strength of functional
connectivity. Since the first-level three-way interaction between
the physiological (i.e., BOLD signal in the seed region) and the
two psychological variables (i.e., trial conditions, prior belief)
did not reveal any significant results, we instead applied the
gPPI data to the group-level regression analysis in SPM for
Keep and Change trials separately. Regressing out the individual
(mean) prior belief from Keep trials, we found, as expected,
that the strength of prior belief significantly covaried with
the connectivity strength between vmPFC and the right lateral
and inferior pulvinar of the thalamus (peak MNI coordinates
x/y/z=6/−18/16, t(1,27) = 3.98, P=0.034, small volume FWE-
corrected, Fig. 5A). For Change trials, regression analysis revealed
that the coupling between OFC and left thalamus (peak MNI
coordinates x/y/z=−16/−14/10, t (1,27) = 3.94, P=0.04, SVC, FEW-
corrected, Fig. 5B) linearly decreased as the strength of prior
belief increased. Corresponding activity in the thalamus was
assigned to the MD and nuclei within the anterior complex.
These findings largely overlapped with the results of prior belief
dependent connectivity as revealed by the three-way interaction
gPPI at an uncorrected threshold of P=0.001 (not shown to avoid
redundancies). Together, these results suggest that the stronger
the participant’s prior belief, the weaker the connectivity—
either between vmPFC and right thalamus, if participants
did not change their decision strategy, or between OFC and
left thalamus, if participants adjusted their decision strategy.
The same regression analysis was also applied to test for a
potential relationship between the strength of connectivity and
changes in reaction times. These analyses, however, revealed no
significant effects, neither for Keep nor for Change.
Discussion
Our findings suggest that different prefrontal areas relate to the
flexibility in changing the decision strategy in a probabilistic
environment during tactile learning. Sticking to the same
decision strategy over two subsequently presented trials was
associated with activity in vmPFC, whereas activity in OFC
related to adjusting the decision strategy from one to the
next trial. An unchanged decision strategy as compared with
an updated decision strategy was associated with weakened
functional connectivity between vmPFC and left S2. The
connection strength between the rather cognitive-relevant
vmPFC and the perception-related S2 predicted the time
required to indicate the choice. If participants did not change
their decision strategy, the strength of prior belief was inversely
correlated with functional connectivity between vmPFC and
right thalamus. If participants updated their decision strategy,
the strength of prior belief was negatively correlated with
functional connectivity between left OFC and left thalamus.
Together, these results highlight the role of different pre-
frontal areas in guiding the cognitive flexibility required for
decision-making during tactile learning in a probabilistic
environment. Prior belief, as a key modulator of the decision
strategy, appears to be related to distinct thalamo–prefrontal
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Figure 5. Functional connectivity between prefrontal cortex and thalamus scaled with the strength of individual prior belief. (A) Prior belief was inversely correlated
with functional connectivity between vmPFC and left thalamus when participants did not change their decision strategy (Keep). (B) The strength of prior belief was
negatively correlated with functional connectivity between OFC and right thalamus when participants updated their decision strategy (Change). Findings suggest that
the higher prior belief, the weaker the connectivity in both conditions (Keep and Change). The seed regions are presented on sagittal and coronal brain slices for Keep
(A) and Change (B), respectively (left column). Thalamic target regions are presented on coronal brain slices (middle column). Coordinates above each brain slice index
their location in MNI space. Red=P<0.005, uncorrected; yellow=P<0.05, SVC, FWE-corrected. The scatterplots show the negative relationship between the strength
of prior belief and thalamic connectivity for Keep and Change, respectively (right). The r and P values are based on a linear (Pearson) correlation analysis. They are only
used to further describe the relationship between the strength of individual prior belief and thalamo–prefrontal couplings.
An unchanged decision strategy engaged the vmPFC which
is a region assumed to underpin a variety of functions required
for decision-making, like representing the value of a choice on
the basis of past experiences (Rushworth et al. 2011; Neubert
et al. 2015), or encoding the confidence for perceptual decision-
making (Bang and Fleming 2018; Gherman and Philiastides
2018). Functional connectivity analyses revealed that when
participants did not change their decision strategy, the coupling
strength between vmPFC and S2 was weaker than for decisions
that were based on an updated strategy. In monkeys, single-cell
recordings from S2 neurons emphasize its role in matching
past sensory experiences with present information (Romo
et al. 2002). S2 and prefrontal circuits also work in concert
to control decision-making and to initiate motor circuits
responsible to generate the motor response (Hernández et al.
2010). Considering the representation of confidence in vmPFC
and the involvement of S2 in matching past experiences with
current inputs, we propose that a stronger confidence in the
decision strategy (i.e., unchanged decision strategy) engages less
neural processing resources, expressed by a lower connectivity
strength between vmPFC and left S2. This interpretation agrees
well with the theoretical accounts of the free-energy principle
(Friston 2009; Friston and Kiebel 2009). This principle is based on
the Bayesian idea of the brain as an inference engine. The goal
is to maximize model evidence, so that surprise is minimized.
Based on these principles, surprise about an unexpected target
in our taskmay lower prior belief andmodel evidence and hence
trigger the update of the decision strategy.
An alternative and even more likely interpretation of the
involvement of vmPFC is that its activity remained unchanged
for an unchanged decision strategy, so that the significant effect
for Keep>Changewas rather driven by vmPFC’s relative deactiva-
tionwhen the strategywas adjusted.We cannot directly test this
hypothesis, since our design was optimized to compare the con-
ditions of interest (Keep and Change) excluding the assessment
of baseline activity. The interpretation of a relative deactivation
during the adjustment of the decision strategy is, nevertheless,
supported by previous evidence: The vmPFC is part of the default
mode network, which is most commonly active when less cog-
nition is needed, that is, rest and mind-wandering, whereas it
is deactivated when engaged in goal-oriented tasks (Buckner
et al. 2008). Following this line of thought, the vmPFC–S2 con-
nectivity could also be explained as relatively stronger coupling
during the adjustment of the decision strategy as comparedwith
an unchanged strategy. The stronger the connectivity between
vmPFC and left S2, the slower participants indicated their deci-
sion during the adjustment of the decision strategy. Together,
these findings suggest that prefrontal projections originating in
vmPFCmight propagate a kind of gating signal important for the
evaluation of response options.
In relation to updating the decision strategy, we found activ-
ity in left OFC. Previous studies proposed that the OFC integrates
multisensory inputs with cognitive information about stimulus
history, reward, and other decision-relevant mediators to infer
on the current state (Wilson et al. 2014; Schuck et al. 2016)
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Primates and rodentswithOFC lesions tend to stick to previously
learned rules or strategies that are no longer relevant during
reversal learning (Schoenbaum et al. 2002; Boulougouris et al.
2007; Clarke et al. 2008), suggesting that the OFC updates strate-
gies during learning. These features render the OFC well suited
for tracking the decision strategy throughout learning and for
updating the decision strategy according to newly accumulated
evidence.
The PPI analysis that accounted for the three-way interaction
between the physiological (i.e., BOLD signal in the seed region)
and the two psychological variables (i.e., trial conditions and
prior belief) did not reveal any prior belief-associated significant
results surviving FWE-corrected thresholding. This nonsignif-
icant finding might be due to the lack of GLM efficiency in
estimating three-way interactions if combined with conserva-
tive FWE thresholding. Applying an uncorrected threshold at
P=0.001 largely resembled the findings of the group-level mul-
tiple linear regression analysis, which supports its validity. The
group-level multiple linear regression analysis revealed that the
strength of prior belief appeared to be significantly related to
two distinct thalamo–prefrontal pathways.
Recently, evidence has emerged assigning the thalamus a
central role in cognitive processes underpinning, for instance,
learning (Mitchell 2015; Yamanaka et al. 2018), memory
(Van Groen et al. 2002), attention (De Bourbon-Teles et al.
2014; Wright et al. 2015), and decision-making (Mitchell 2015;
Chakraborty et al. 2019). The right thalamic cluster, involved
in encoding the strength of individual prior belief through
connections with vmPFC for an unchanged decision strategy,
overlapped with the lateral and inferior pulvinar, whereas the
left thalamic region, involved in updating the decision strategy
through connections to the OFC, was located in the MD and
nuclei within the anterior complex (Behrens et al. 2003). Both
pulvinar and MD are considered to represent a sort of “higher
order thalamic relays” that are reciprocally interconnected
to associated cortical targets via cortico–thalamo–cortical
connections (Guillery, 1995). The pulvinar seems to play an
important role in visual processing and attentional calibration
processes (Grieve et al. 2000; Bridge et al. 2016). Previous
evidence emphasizes that MD is also involved in learning new
object–reward associations as compared with the retention
and retrieval of previously acquired information (Mitchell et al.
2008; Mitchell and Gaffan 2008). Projections from the medial
prefrontal cortex to the midline thalamic nucleus seem to
underpin the encoding of reward-predictive cues (Otis et al.
2017) and general behavioral flexibility (Nakayama et al. 2018),
particularly during rapid trial-by-trial associative learning and
decision-making demanding rule switching (Mitchell 2015;
Marton et al. 2018). MD and OFC were shown to work in concert
to update action–outcome associations during reversal learning
(Parnaudeau et al. 2018; Fresno et al. 2019), which is in-line
with our finding of an association with updating the decision
strategy. Given that the thalamus comprises many nuclei,
each with different connectivity and functional properties, our
findings emphasize the notion that distinct thalamic subregions
play multifaceted roles in guiding the flexibility in decision-
making through tight interactions with various prefrontal
cortices. Notably, prior belief and reaction time may be
represented by partly different prefrontal networks, since there
was no direct (linear) relationship between these measures.
Accordingly, prior belief may be constituted by accumulated
evidence about the current state of the environment as derived
from past experiences, whereas reaction time may rather
reflect perceptual processing and the initiation of the motor
response.
Taken together, present findings advance our understanding
of the thalamus as a crucial mediator of the flexibility in chang-
ing or keeping the decision strategy via communication with
prefrontal regions during probabilistic learning. Future research
should broaden the focus on related decision modulators, like
reward and punishment, and how the thalamus, as a potential
gate for decision-making, integrates corresponding information
(Campus et al. 2019).
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